[1] In this study, we present a stochastic landscape modeling approach that has the power 7 to transfer and integrate existing information on vegetation dynamics and hydrological 8 processes from the small scale to the landscape scale. To include microscale processes like 9 ecohydrological feedback mechanisms and spatial exchange like surface water flow, we 10 derive transition probabilities from a fine-scale simulation model. We applied two versions 11 of the landscape model, one that includes and one that disregards spatial exchange of 12 water to the situation of a sustainably used research farm and communally used and 13 degraded rangeland in semiarid Namibia. Our simulation experiments show that including 14 spatial exchange of overland flow among vegetation patches into our model is a 15 precondition to reproduce vegetation dynamics, composition, and productivity, as well as 16 hydrological processes at the landscape scale. In the model version that includes spatial 17 exchange of water, biomass production at light grazing intensities increases 2.24-fold 18 compared to the model without overland flow. In contrast, overgrazing destabilizes 19 positive feedbacks through vegetation and hydrology and decreases the number of 20 hydrological sinks in the model with overland flow. The buffer capacity of these 21 hydrological sinks disappears and runoff increases. Here, both models predicted runoff 22 losses from the system and artificial droughts occurring even in years with good 23 precipitation. Overall, our study reveals that a thorough understanding of overland flow is 24 an important precondition for improving the management of semiarid and arid rangelands 25 with distinct topography.
[2] Decisions for the conservation of biodiversity and 31 sustainable management of natural resources are made for 32 long time periods and at broad spatial scales [Peters et al., 33 1997; Miller et al., 2004] . In contrast, our understanding of 34 the underlying ecological processes (e.g., local water avail-35 ability triggering germination rates and plant growth) is 36 high at fine spatial and temporal scales because most 37 empirical data are collected for small areas and over a short 38 duration only [Levin, 1992; Rastetter et al., 2003 ]. There-39 fore, the knowledge from short-term and fine-scale studies 40 needs to be projected to regional and global scales that are 41 relevant for decision making [Wessman, 1992] .
42
[3] However, extrapolation of information across scales 43 provides difficulties as we do not know to which extent 44 spatial exchange, like the movement of surface water by 45 run-off in water limited environments, affects ecosystem 46 dynamics at large scales [Levin, 1992; Tongway and 47 Ludwig, 1997; Wootton, 2001; Strayer et al., 2003; Urban, 48 2005] . Omission of these processes may directly affect the 49 accuracy of predictions [Heuvelink, 1998, Weaver and 50 Perera, 2004] . Run-off occurs at multiple spatial scales 51 if rainfall intensity exceeds soil infiltration capacity 52 [Rango et al., 2006] . Local differences in infiltration [Wilcox et al., 2003] . [8] Two variants of a stochastic and spatially explicit 117 landscape model were implemented on the basis of Mar-118 kovian modeling that simulates annual biomass production 119 of a dwarf shrub savannah with distinct topography in arid 120 southern Namibia (Karas Region). One version simulates 121 lateral exchange of surface water, whereas explicit consid-122 eration of overland flow is eliminated in the second version. 123 We used a small-scale simulation model (Topographical 124 Management (TOPMAN)) Band data [Jensen, 2000] with an original spatial resolution pepper effect''), and shadow effects [Lewis, 1976] . chastic processes [Markov, 1907] : a state at time t [16] Generally, we assume that (1) transition probabilities 272 are constant over time and (2) transitions are spatially 273 independent. An approach to model nonstationarity (i.e., 274 variability in space and time of transition probabilities) is to 275 switch between different stationary matrices [Rejmanek et 276 al., 1987] . To consider variability in space and time of 277 transition probabilities related to water availability, slope, 278 and land use option, we generated transition matrices for all 279 combinations of these exogenous factors. 
where p is homogeneous for all cells, whereas r C is based 298 on a cell specific capacity to absorb run-on (ir C ) and the 299 contribution by run-off from neighboring cells (r NC )
We used an iterative algorithm to calculate surface water is actualized by
Figure 2. Visualization of mechanistic upscaling approach and simplified flowchart. We used a smallscale simulation model to derive data for vegetation dynamics, productivity, and linked hydrological processes of the landscape model. Elevation of the landscape's grid cells is initialized by remotely sensed digital elevation models (DEM). For validation, simulated annual biomass production is compared with remotely sensed estimates of annual biomass production (normalized differential vegetation index (NDVI)). Solid lines represent processes within the landscape model (flowchart). Dotted lines illustrate data flow between different disciplines and scales. Numbers refer to basic attributes of the small-scale model (input) affecting transferred data for the landscape model (output). 311 We used multiple flow direction methods to estimate surface 312 water flow directions across cells [Quinn et al., 1991 [21] Cell-specific water availability in the various 333 vegetation types is influenced by rainfall, run-off, run-on, 334 evapotranspiration and competition. Surface run-off in 335 semiarid and arid regions occurs primarily as infiltration 336 excess overland flow from higher to lower areas controlled 337 by infiltration characteristics of the soil surface rather than 338 the storage capacity of the soil [Wilcox et al., 2003] . 339 Therefore, infiltration rates are related to the cell's soil 340 texture [Bergkamp, 1998] Connor and Pickett, 1992] are the main conditions for 358 successful plant establishment. Furthermore, limited food 359 for livestock increases the probability that livestock will 360 feed on seedlings [Carrick, 2003] . Therefore, the cells' 361 probability of successful establishment of perennial vegeta-362 tion (woody plants and perennial grasses) is determined by 363 site-specific probabilities of seed and water availability, as 364 well as the probability to survive grazing. Annuals, produc-365 ing large numbers of seeds and persistent seed banks 366 [Veenendaal et al., 1996] 
where NIR is the reflectance in the near infrared band [36] Vegetation at the communal rangelands (Nabaos) had 512 lower I-NDVI than vegetation at the research farm (Gellap 513 Ost) across all growth seasons ( Figure 6 ). The lowest value 514 of 0.5 at the communal rangelands in 1987 contrasts with 515 the highest value of 1.6 at the research farm in 2000. 516 Averaged over the time span of 15 years, I-NDVI measured 517 at the research farm exceeds I-NDVI measured at the 518 communal rangelands 1.27-fold. Linear regression analysis 519 indicated that I-NDVI is correlated with annual precipitation 520 at the research farm (R 2 = 0.81, p < 0.001) and the 521 communal rangelands (R 2 = 0.91, p < 0.001). [39] The aim of our study was to present a method to 547 transfer and integrate existing information on vegetation 548 dynamics and hydrological processes between spatial 549 scales. Combining technologies of remote sensing technol-550 ogy and stochastic modeling, we are able to successful 551 extrapolate vegetation dynamics, composition and produc-552 tivity to an order of magnitude one hundred times greater 553 than the original scale. Using a small-scaled simulation 554 model, the influence of exogenous and endogenous varia-555 bles (vegetation state, precipitation, management and 556 topography) on transition probabilities and phytomass 557 production were estimated.
558
[40] In the past, transition probabilities of stochastic 559 landscape models were mainly estimated by using data 560 from observations, and measured from empirical studies, 561 aerial photography and satellite images [e.g., Muller and 562 Middleton, 1994; Brown et al., 2000; Jenerette and Wu, 563 2001; Weng, 2002] . Uncertainty in these studies remained 564 relatively high because data was limited, i.e., transition 565 probabilities were derived from short-term data [Baker, 566 1989] . The few studies that use a fine-scale model to drive 567 a landscape model [e.g., Acevedo et al., 1995] did not 568 include microscale processes like ecohydrological feedback 569 mechanisms and spatial exchange like surface water flow. 
